ABSTRACT A fuzzy model predictive control scheme based upon adaptive neural network disturbance observer is proposed for the longitudinal dynamics of a constrained hypersonic vehicle (HV) in the presence of diverse disturbances. First, an equivalent disturbed fuzzy dynamic model with the varying parameters is constructed to approximate the nonlinear dynamics, where the inevitable lumped disturbances, including the fuzzy modeling error, extraneous disturbances, and model uncertainties caused by aerodynamic uncertainties, need to be suppressed. Subsequently, according to the parameter-dependent Lyapunov function, the proposed scheme taking the varying parameters into account is developed to explicitly handle the constraints of fuel equivalence ratio, elevator deflection, and angle of attack. Furthermore, based on the strong nonlinear approximation ability of neural network (NN), an adaptive neural network disturbance observer with the adaptive laws of NN's weight matrixes is established to estimate lumped disturbances, and then an additional compensator formulated by integrating the estimations of lumped disturbances and the corresponding compensation gain matrix is appended to the proposed method for suppressing the lumped disturbances directly. Finally, the comparative simulation results for tracking the reference commands of velocity and altitude demonstrate that the proposed method provides a satisfactory tracking performance even when HV is in the presence of lumped disturbances and constraints.
I. INTRODUCTION
Hypersonic vehicle (HV) primarily powered by the advanced scramjet engine provides a promising access to sustained hypersonic flight in near space compared with the conventional turbojet-powered aircraft whose extreme velocity is less than Mach 5. Hence, HV will make the intercontinental voyage and global military attack promptly, and occupy a pivotal role in space routine of civilian and military [1] , [2] . With the development of scramjet engine, the flight control system considered as another crucial component of HV has attracted much attention in recent years [3] . However, there exist highly nonlinear dynamics and significant couplings between propulsive and aerodynamic forces, so the flight control system design is still a challenging task due to the aforementioned inherent peculiarities and the devastating impacts caused by the aerodynamic uncertainties and extraneous disturbances [4] , [5] .
Over the past decades, numerous control methods have been applied to obtain the control system with satisfactory stability, performance and robustness. Due to the complex nonlinear dynamics of HV, Lie derivative notation could be employed to linearize the nonlinear dynamics of velocity and altitude, and then an input-output linearization model is obtained to facilitate the flight control system design. On the basis of the input-output linearization model which could be regarded as a nonlinear dynamic inversion structure, nonlinear robust control [6] and sliding mode control [7] , [8] were implemented. Furthermore, considering that the disturbance observer widely used in engineering fields [9] - [12] could be employed to handle system uncertainties, composite predictive flight control [13] and anti-windup control [14] provided superior uncertainties rejection and tracking performance under uncertain conditions. Although the above nonlinear control methods based on the input-output linearization method have provided superior control performance, there exist strict requirements on the accuracy and relative order of the model. Therefore, due to the cascade structure of HV dynamics, the strict-feedback formulations of the nonlinear dynamics were obtained for the purpose that back-stepping methods [15] , [16] were applied to design control system. To solve the problem of ''explosion of terms'' existed in the traditional back-stepping method, tracking differentiator [17] and dynamic surface control methodology [18] , [19] were integrated with back-stepping method. Besides, nonlinear disturbance observer [20] and extended state observer [21] , [22] were employed to enhance the robustness against diverse uncertainties. Recently, instead of HV dynamics in the strict-feedback form, neural networks (NNs) [23] - [25] were employed to approximate the nonlinear dynamics due to NNs' strong nonlinear approximation ability [26] , and the control strategies based on NNs achieved excellent robustness performance. Especially, a minimal-learning-parameter (MLP) [25] algorithm utilized to simplify the control structure only regulated the maximum norm rather than the elements of NN's weight vector. Compared with the two methods mentioned to simplify the nonlinear dynamics for designing control system, small perturbation method employed to directly linearize the nonlinear system at a specific trim condition is more easily and commonly used in engineering areas [3] . Then on the basis of the linearized model obtained by the small perturbation method, diverse linear control methods, such as robust control [27] , guaranteed cost control with poles assignment [28] and robust model predictive control (RMPC) [29] , have been investigated to design control system. However, because the linearized model could only approximate the nonlinear dynamics in the neighborhood of the specific trim condition, one drawback to these linear control methods is that expected control performance cannot be achieved under the flight condition far from the specific trim condition. To overcome this drawback, TakagiSugeno (T-S) fuzzy model utilized to approximate smooth nonlinear systems in [30] and [31] has attracted tremendous attention recently. Then the T-S fuzzy model constructed by a set of linearized models with fuzzy If-Then rules was investigated to approximate the nonlinear dynamics, and then fuzzy control schemes, such as fuzzy guaranteed cost tracking control [32] and fault-tolerant control [33] were proposed on the T-S fuzzy model. Nevertheless, the constraint task of the fuel equivalence ratio, elevator deflection and angle of attack (AOA), which was not taken into account in the control schemes [32] , [33] , has been considered as a crucial issue to be addressed directly in the control system design. It is because the fuel equivalence ratio for the propulsion system is constrained to ensure normal operation of scramjet engine without the influence of thermal choking, the elevator deflection is constrained due to the limitation of the control surface displacement, and AOA which mainly determines the air flow properties into the scramjet engine of HV is constrained to ensure that the performance of scramjet engine is not degraded. Generally, in addition to auxiliary systems [16] , [18] , [25] exploited to deal with the constraints of fuel equivalence ratio and elevator deflection, RMPC [29] was utilized to explicitly handle the constraints of fuel equivalence ratio, elevator deflection and AOA at the stage of control system design. In addition, the lumped disturbances which mainly consist of the fuzzy modeling error, extraneous disturbances, and model uncertainties caused by aerodynamic uncertainties were not taken into account in the control schemes [32] , [33] , but may degrade the control performance and destroy the stability of the system. Hence, handling constraints and suppressing lumped disturbances which are regarded as attractive issues are addressed in this paper, and consequently, a fuzzy model predictive control scheme based upon adaptive neural network disturbance observer is proposed on the basis of the equivalent disturbed fuzzy dynamic model with the varying parameters which is constructed to approximate HV nonlinear dynamics. Considering that the general fuzzy model predictive control methods [34] , [35] merely obtained conservative control performance due to the ignorance of the varying parameters, so inspired by the linear parameter varying model predictive control (LPVMPC) [36] which was derived by using parameter dependent Lyapunov function (PDLF), a fuzzy model predictive controller which takes the varying parameters into account and explicitly handles the constraints of fuel equivalence ratio, elevator deflection and AOA is proposed on the basis of the equivalent fuzzy dynamic model. Furthermore, to counteract the effect of lumped disturbances directly, an adaptive neural network disturbance observer (ANNDO) based on the strong nonlinear approximation ability of NN is proposed to estimate lumped disturbances, and then an additional compensator is formulated by integrating the estimations of lumped disturbances and the corresponding compensation gain matrix. Therefore, the fuzzy model predictive control scheme based upon ANNDO can make the velocity and altitude track their reference commands effectively in the presence of inevitable lumped disturbances.
The contributions of this paper are mainly summarized as follows: 1. Because the equivalent fuzzy dynamic model with the varying parameters measured online can approach the nonlinear dynamics of HV more accurately, the fuzzy model predictive control scheme based upon ANNDO takes the measured parameters and the modeling error into account, and provides more satisfactory tracking performance than RMPC [29] developed on a single linear model; 2. Compared with the control schemes [32] , [33] , the fuzzy model predictive control scheme based upon ANNDO addresses the attractive issues of handling constraints and suppressing lumped disturbances, and provides effective tracking performance of the velocity and altitude even when HV is in the presence of lumped disturbances and constraints. The remainder of this paper is organized as follows. Section II presents the problem formulation including model description and fuzzy model construction. Then, the detailed procedure of the fuzzy model predictive control scheme based upon ANNDO is established in Section III. Finally, Section IV 5928 VOLUME 6, 2018 demonstrates the simulation studies, and Section V provides conclusions.
II. PROBLEM FORMULATION A. MODEL DESCRIPTION
In order to facilitate controller design and stability analysis of HV, the model constructed by five order nonlinear differential equations was developed to describe the motion of HV's longitudinal dynamics at NASA Langley Research Center [6] . Considering HV is affected by the extraneous disturbances d i (i = 1, 2, . . . , 5), then disturbed model including velocity V , flight-path angle γ , altitude h, AOA α and pitch rate q is expressed as followṡ
where m, µ, I yy denote vehicle mass, gravitational constant, moment of inertia, respectively; r = h + R is radial distance from Earth's center, and R is radius of Earth; For the sake of systemic analysis, the lift L, drag D, thrust T , pitching moment M yy are approximated by the following curvefitted functions that depend on state variables ( V , γ , h, α, q) and control inputs (fuel equivalence ratio β, elevator deflection δ e ) (2) with the following aerodynamic coefficients simplified at the nominal cruising flight
where C L (α), C D (α) are the functions of α, and denote the coefficients of lift and drag; the thrust coefficient C T (β) is a function of β; The moment coefficient consists of the coef-
which are the functions depending on α, q, and δ e ; ρ, S,c represent the air density, reference area, and mean aerodynamic chord, respectively; c e denotes the scaling factor. The values of above parameters are the same as that in [7] .
In actual flight, the aerodynamic coefficients are uncertain, so their uncertain forms considered in this paper are expressed as follows
where
and C M denote the corresponding uncertain terms.
B. FUZZY MODEL CONSTRUCTION
In order to facilitate controller design, we define the state vector as
, and input vector as u = [β, δ e ] T , then the disturbed model (1) with the aerodynamic forces (2) and (3) can be rewritten as the following form of MIMO nonlinear systeṁ
T denotes the extraneous disturbances imposed on HV;
1 denotes model uncertainties caused by the uncertainties of the aerodynamic coefficients in (4); Because we consider the tracking task of the altitude and velocity in this paper, the output of system is y = [V , h] T by defining
In addition, the constraints of fuel equivalence ratio, elevator deflection and AOA considered in this paper are the same as that adopted in [29] , namely
Note that the control goal for the cruise phase of HV is to steer the altitude and velocity from the initial values to the desired trim conditions [3] , so the reference command vector y r = [V e , h e ] T considered in this paper is assumed VOLUME 6, 2018 as a given set of constants. According to y r , we could obtain the equilibrium point (x e , u e ) at the desired trim conditions, meanwhile, f (x e ) + g(x e )u e = 0 and y r = Cx e , then y is driven to track y r by controlling system to the desired trim conditions. Definex = [x 1 ,x 2 , . . . ,x 5 ] T = x − x e andũ = u − u e as the shifted state vector and shifted input vector, then the nonlinear model (5) is transformed intȯ
Wheref (x) = f (x + x e ) + g(x + x e )u e andg(x) = g(x + x e ); x min ≤x 4 ≤x max ,ũ min ≤ũ ≤ũ max ,x min = x min − x e,4 ,
Considering that HV's longitudinal dynamics can be approximated more accurately by a T-S fuzzy model [37] than by a single linear model [29] , so we construct a fuzzy dynamic model to approximately describe the local nonlinear dynamics of nonlinear model (7) . In this paper, we select x 1 ,x 4 ,x 5 as three premise variables z j , j = 1, 2, 3, namely 
. Moreover, let i = 1, 2, . . . , 8, and define µ i1 , µ i2 , µ i3 as follows:
Hence, the fuzzy dynamic model is constructed by eight (2 3 ) fuzzy rules, and the i th rule is given as following form.
where eight corresponding operating points are chosen as
The linearization approach proposed in [38] is utilized to obtain the corresponding linear models [A i , B i ]:
whichf r is the r th element off in (7), and ∇f r (δx i ) is the gradient off r at δx i ; B i =g(δx i ). Finally, the fuzzy dynamic model equivalent to the nonlinear model (7) is constructed aṡ
where (7) in [29] , the equivalent fuzzy dynamic model (8) can approach the dynamic motion of the nonlinear model (7) more accurately, and additionally, take modeling error into account.
III. CONTROLLER DESIGN
In this paper, a fuzzy model predictive control scheme based upon ANNDO is proposed to design a composite controller u for the purpose that the altitude and velocity are controlled to track their reference commands effectively even when HV suffers from inevitable lumped disturbances and the constraints of control inputs and AOA. As depicted in Fig. 1 (a) , the composite controller u consists of nominal fuzzy model predictive controller u nc and compensator u cc .
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For the equivalent fuzzy dynamic model in absence of lumped disturbances, it is obvious that the varying parameters ω i (z) are measurable, so we firstly propose that the LPVMPC strategy [36] taking ω i (z) into account is utilized to design the nominal fuzzy model predictive controller u nc for dealing with the constraints explicitly. In fact, lumped disturbances may deteriorate nominal performance of u nc , or even lead to instability. Hence, in order to counteract the effects of lumped disturbances, the ANNDO is constructed to estimate lumped disturbances for formulating the compensator u cc with the compensation gain matrix κ(ω).
A. ANNDO CONSTRUCTION
Based on the strong nonlinear approximation ability of NN, the following ANNDO depicted in Fig. 1 (b) is designed to estimate the inevitable lumped disturbances in the equivalent fuzzy dynamic model (8) .
where χ is inner state vector of ANNDO; λ is the gain parameter, and satisfies λ > 1 2 ;ˆ defined as the estimation of is the output of NN, namelŷ
(n 2 +1)×n 3 are the weight matrixes to be adjusted adaptively;w i is the i th column ofW ,v j is the j th row ofV , and v p is defined as the p th column ofV ; φ(
T , in which φ p is chosen as φ p = 1 (1 + exp(−v T p s)). Assumption 1: According to the universal approximation theorem [39] , the ideal weight matrixesV * andW * are assumed to be bounded, and there exist positive upper bounds
. The ideal estimation is * =W * T φ(V * T s), and then we have
where ε is the approximation error, and there exists an sufficiently small constantε such that ε ≤ε. DefineṼ =V * −V andW =W * −W , then subtract (10) from (11), we obtain the estimated error˜
where φ(V * T s) = φ(V T s) + φ Ṽ T s + O H ; φ denotes the first derivative of φ(V * T s), and O H is the higher order term in the Taylor expansion of φ(V * T s). Then˜ can be expressed as
Assumption 2: Assuming in (13) is bounded, and then there exists a small positive upper bound ξ such that 2 ≤ ξ . Define the observer error of the ANNDO (9) as e =x − χ , subtract (9) from (8), then we obtain the following observer dynamic systemė
Theorem 1: Consider the observer dynamic system (14) under Assumption 1 and Assumption 2, the adaptive laws of w i andv j are proposed as follows
where e i is the i th element of e, and s j is the j th element of s; η l and θ l , l = 1, 2, are the positive adjusted coefficients to be designed properly. 
where ζ = min {2λ − 1,
According to the standard Lyapunov extension theorem [40] , solving the inequality (19) yields
Therefore, e,W andṼ are proved to be semi-globally uniformly ultimately bounded since V (e,W ,Ṽ )| t=0 is bounded.
Moreover, e,W andṼ can be sufficient small by selecting proper values of λ, θ 1 , θ 2 , η 1 and η 2 , so˜ is sufficient small, and there exists a sufficient small upper bound ˜ such that ||˜ || ≤ ˜ . Thus, the proof is complete. 
which minimizes the upper bound on the worst case performance criterion (24) where and R are the symmetric weighting matrices. Furthermore, note that it is difficult to guarantee the stable tracking of altitude and velocity only by the robustness of the nominal fuzzy model predictive controller when HV is in the presence of diverse lumped disturbances, so the proposed ANNDO is constructed to estimate lumped disturbances, and the compensation gain matrix κ(ω) is properly designed as follows
Then we obtain the compensator u cc = κ(ω)ˆ to directly counteract the effects of lumped disturbances.
To sum up the above analysis, the fuzzy model predictive control scheme based upon ANNDO is summarized as follows.
Design Procedure:
Step 1. Selectx 1 ,x 4 ,x 5 as three premise variables z j , j = 1, 2, 3, the equivalent fuzzy dynamic model (8) is obtained by defining the membership functions F l j (z j ), l = 1, 2 and Rule i, i = 1, 2, . . . , 8, which are discussed exhaustively in section II.B.
Step 2. At each control period, considering the nominal fuzzy dynamic model with measurable parameter
ω i (z)P i , and then a state feedback control law (24) and the following inequality are satisfied.
Assuming that there exists an upper bound ϕ such that J ∞ (k) ≤ V (k|k) ≤ ϕ, then we define symmetric matrices Q i = ϕP
i , Y i and G i are fully parameterized matrices, and can be obtained by solving the following convex optimization problem which minimizes ϕ with LMI constraints. A toolbox for optimization in MATLAB [41] is used to solve the convex optimization problem (27)- (31), and then we obtain the feasible decision variables, ϕ, Q i , Y i and G i . Accordingly, the state feedback controller isũ = K(ω)x, and the nominal fuzzy model predictive controller is u nc =ũ + u e .
Remark 2: According to the results in [36] , the LMI (29) ensures that inequality (26) holds by applying the Schur complement. Hence, the PDLF V (k|k) is strictly decreasing, and the closed-loop system is proved to be asymptotically stable. Meanwhile, the LMIs of (30) and (31) ensure that the constraints of (23) and (24) hold.
Remark 3: Because the measurable parameters ω i (z) are taken into account, the LPVMPC strategy derived by using PDLF achieves less conservative results as compared with RMPC adopted in [29] and derived by using a single quadratic Lyapunov function.
Step 3. Define the observer error as e =x − χ and set the input of NN as s = [1,x T ] T , ANNDO (9) with the adaptive laws (15) is proposed to estimate the lumped disturbances, then we obtain the compensator u cc = κ(ω)ˆ by integrating the estimationˆ and the compensation gain matrix κ(ω) in (25) . Finally, the following composite controller u is implemented.
Theorem 2: Consider HV longitudinal model (5) in the presence of lumped disturbances and constraints, the composite controller (32) designed by the fuzzy model predictive control scheme based upon ANNDO is proposed to guarantee that the velocity and altitude track their reference commands effectively.
Proof: Note thatx = x − x e ,ũ = u − u e , the fuzzy dynamic model (8) 
Furthermore, considering˜ = −ˆ , the composite controller (32) is rewritten as
Substituting ( 
Then we have
where I is an identity matrix.
Invoking the compensation gain matrixκ(ω), we obtain B (ω) κ(ω) + I = 0, and the output y is represented as
In [36] , it was proved that the state feedback controller u = K(ω)x could asymptotically stabilize the closed-loop system, so the state x ultimately converges to a steady state such that lim t→∞ẋ → 0. In Theorem 1, we have proved that˜ is sufficient small, and there exists a sufficient small upper bound ˜ such that ||˜ || ≤ ˜ .
−1˜ , and assume that there exists a small positive constantσ such that ||σ || ≤σ . Therefore when t → ∞, y(∞) will be
Define y e = y − y r as the tracking error vector of velocity and altitude, so when t → ∞, y e ultimately converges into a small neighborhood ψ = y e | y e ≤σ around zero. Hence, it is proved that the proposed composite controller (32) could make the velocity and altitude track their reference commands effectively even when HV is in the presence of lumped disturbances and constraints.
IV. SIMULATION RESULTS
To verify the effectiveness of the previously proposed method, we carry out two numerical simulations for HV model (1)-(3) in the MATLAB environment where a fourth order Runge-Kutta algorithm is employed with the fixedstep 0.01s. The detailed parameters of simulation model could refer to [7] . In both numerical simulations for the cruise phase, the velocity tracks a step command of 100 ft/s from initial value 14960 ft/s to final value 15060 ft/s, meanwhile, the altitude tracks a step command of 180 ft from initial value 109820 ft to final value 110000 ft. And then the initial and final trim conditions listed in Table 1 To set the proper parameters of ANNDO, we firstly select the nodes in each layer of NN as n 1 = 6, n 2 = 11 and n 3 = 5, then initialize the weightsW andV as zero matrixes with appropriate dimensions. Accordingly, the adjustment coefficients of the adaptive laws in (15) are selected as η 1 = η 2 = 250, θ 1 = 0.25 and θ 2 = 0.01, and additionally, the gain parameter in (9) is chosen as λ = 0.51. Case 1. In order to verify the superiorities of the fuzzy model predictive control scheme based upon ANNDO (FMPC-ANNDO), the RMPC [29] is introduced for comparison. In the same nominal conditions without the consideration of extraneous disturbances and model uncertainties, the comparative simulation results under FMPC-ANNDO and RMPC are shown in Figs. 2-4 . It is observed from Fig. 2,  Fig. 3 and Fig. 4(c) that both methods achieve the satisfactory tracking performance of velocity and altitude in the condition that the fuel equivalence ratio, elevator deflection and AOA vary in the given bounds, but FMPC-ANNDO makes the velocity and altitude track their desired command more quickly, in particular, provides much less fluctuation when the altitude approaches its desired command. Moreover, because FMPC-ANNDO employs the equivalent fuzzy dynamic model to approach the nonlinear dynamics and takes the modeling error into account directly, the tracking errors under FMPC-ANNDO are smaller than that under RMPC. In addition, Fig. 4 reveals that compared with RMPC, the response curves of the flight-path angle, pith rate and AOA provided by FMPC-ANNDO fluctuate with smaller ranges. in the presence of lumped disturbances. Figs. 6 and Fig. 7(c) illustrate that FMPC-ANNDO dealing with constraints during control design procedure guarantees that fuel equivalence ratio, elevator deflection and AOA vary in the given bounds, which avoids the repeated parameter adjustment of FGCTC. Consider that FMPC-ANNDO's compensator for suppressing lumped disturbances is constructed by the estimations of lumped disturbances, so the control inputs, the elevator deflection in particular, are fluctuated subject to the varying lumped disturbances. Accordingly, Fig. 7 shows that the flight-path angle, AOA and pith rate are also affected, but still tend to be stable under FMPC-ANNDO, whereas they are fluctuated with larger amplitudes under FGCTC.
Figs. 8(a)-(e) show the estimations of lumped disturbances, which are obtained by ANNDO, and particularly, the estimations of model uncertainties and modeling errors in altitude and flight-path angle loops are depicted in Figs. 8 (b)-(c) . It is apparent that there exists an adaptive adjustment process due to the parameters of ANNDO which need to be regulated online at the beginning. Fig. 8(f) verifies that when t → ∞, σ in (38) is bounded, and there exists a small positive constant σ = 0.11 such that σ ≤σ . Hence, the tracking errors of velocity and altitude are bounded such that they are sufficiently small. In addition, as shown in Fig. 9 , we can see that the adaptive laws in (15) guarantee NN'weight matrixes bounded.
It can be concluded that compared with FGCTC, the proposed FMPC-ANNDO provides the satisfactory tracking performance of velocity and altitude even when HV is in the presence of lumped disturbances and constraints.
V. CONCLUSION
In this paper, a fuzzy model predictive control scheme based upon ANNDO has been proposed for HV, where the attractive issues of handling constraints and suppressing lumped disturbances have been addressed. On one hand, based on the equivalent fuzzy model constructed to approach the nonlinear dynamics of HV, the proposed scheme taking the varying parameters of fuzzy model into consideration explicitly deals with the constraints of the fuel equivalence ratio, elevator deflection and AOA. On the other hand, due to the proposed ANNDO constructed to estimate the diverse lumped disturbances excellently, an additional compensator is appended to enhance the robustness of the proposed method in order to counteract the effect of lumped disturbances directly. Therefore, the proposed method makes the velocity and altitude asymptotically converge to their desired commands such that the tracking errors are bounded with the sufficiently small regions. The effectiveness of the proposed method is validated by the simulation results. In this paper, all states of HV are assumed to be available, but flight-path angle and AOA are difficult to be measured in practice. In our future research, we will improve our proposed method purely on the basis of partially measurable states.
